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Introduction
A fundamental question in community ecology is how the number of species in a habitat relates to environmental productivity. This seemingly simple question has inspired numerous empirical investigations that have documented various forms of productivity-richness relationships (PRRs; e.g., Gillman and Wright 2006; Gurevitch and Mengersen 2010; Hillebrand and Cardinale 2010) . Positive and unimodal PRRs (e.g., fig. 1 ), in general, are the two commonly observed patterns Gillman and Wright 2006) and have attracted the most attention. Consistent with these general patterns, extensive evidence in freshwater and marine planktonic systems often finds unimodal or positive PRRs on the regional scale Ptacnik et al. 2008; ; app. A; apps. A-E available online), although the response of species richness to productivity can vary on the local scale. To date, many factors are predicted to affect species richness along the productivity gradient, including predation (Leibold 1996) , light condition ), resource ratio (Cardinale et al. 2009b) , and ecosystem size . However, a comprehensive understanding toward the mechanistic basis of the various PRRs is still lacking.
A host of hypotheses have been proposed to explain the observed PRRs (e.g., Wright 1983; Rosenzweig and Abramsky 1993; Tilman and Pacala 1993; Leibold 1998; Pärtel et al. 2007) , mostly focusing on processes operating on ecological timescales (typically involving competition). While these hypotheses have helped us gain considerable insight into some of the ecological mechanisms regulating species richness along productivity gradients, they do not consider the possibility that evolutionary processes may also contribute to PRRs observed in various communities. Some studies have explored how evolutionary processes shape PRRs (Hochberg and van Baalen 1998; Jansen and Mulder 1999; Pärtel et al. 2007 ). For example, based on the rationale that habitat evolutionary history may affect PRRs through its influence on the size of the species pool, Pärtel et al. (2007) suggested that the paucity and short evolutionary history of productive habitats are responsible for the unimodal PRRs commonly found in temperate plant communities. Nevertheless, studies relating evolution to PRRs are scarce, and the question of how evolutionary time and environmental productivity combine to influence species richness (Pärtel et al. 2007; Zobel and Pärtel 2008) , in particular, remains largely unanswered.
To address the above question, we examined the influence of evolutionary processes on PRRs in phytoplankton- . Data points in B are extracted from figure 3B of . C, D, Frequencies of empirical cases in the literature survey showing different productivity-richness patterns of phytoplankton (C) and zooplankton zooplankton communities. We explored how phytoplanktonzooplankton coevolution influences species richness along a productivity gradient by using a simple nutrient-phytoplanktonzooplankton (NPZ) model. Taking advantage of the extensive work on metabolic rates and functional responses in planktonic organisms, we incorporated body-size-dependent population growth and trophic interactions into the evolutionary NPZ model. Body size was the focal trait in our model that dictated the fitness of phytoplankton and zooplankton populations. Using the theory of adaptive dynamics Geritz et al. 1998; , we investigated plankton evolutionary dynamics through the analysis of evolutionary singular strategies and numerical simulations. The analyses allowed us to explore temporally evolved species richness at a given level of productivity as well as compare species richness across productivity levels at a given evolutionary time.
NPZ Model and Methods

Ecological Component of the NPZ Model
To study how coevolution affects phytoplankton and zooplankton PRRs, we developed a simple NPZ model based on the one used by Jiang et al. (2005) that explored the adaptive evolution of body size in zooplankton and phytoplankton. Similar to traditional NPZ models, the ecological component of our model describes the dynamics of three variables: nutrient concentration (N), phytoplankton density (P), and zooplankton density (Z). As a first approach to studying the effects of evolutionary processes on PRRs, we do not consider how other abiotic variables (e.g., temperature) influence phytoplankton growth. We characterized phytoplankton populations by two key parameters, population densities (P) and cell size (x). Similarly, Z and y represent zooplankton population density and body size, respectively. The ecological component of the model is
All model parameters and functions are defined in table 1. The amount of nutrient N is determined by the nutrient supply rate I (i.e., the measure of environmental productivity); nutrient loss (due to outflow) proportional to N; uptake by phytoplankton m(x)g(N )PQ(x), which depends on the phytoplankton nutrient quota Q(x); and nutrient recycling gB(P, Z). The dynamics of the phytoplankton population are determined by four processes: a size-dependent nutrient uptake rate m(x)g(N); mortality due to a constant size-independent per capita mortality rate m and a size-dependent per capita sinking rate s(x); and a size-dependent zooplankton consumption rate C(x, y). The dynamics of the zooplankton population are determined by a size-independent per capita mortality rate d and the rate of consumption and assimilation of phytoplankton biomass, which depends on a size-dependent consumption rate C(x, y); the size-dependent nutrient quota of the phytoplankton Q(x); the size-dependent nutrient quota of the zooplankton q(y); and the size-independent assimilation efficiency of the zooplankton ɸ. The rate of nutrient recycling is gB(P,
, where g is the proportion of recycled nutrient loss; B(P, Z) is the total nutrient loss in detritus, including the death of phytoplankton, the death of zooplankton, and phytoplankton consumption. We use the nutrient supply rate I to represent environmental productivity for two reasons. First, the primary productivity usually estimated by chlorophyll a or phytoplankton biomass is not a direct measure of resource supply or the rate of resource supply but is itself an ecosystem function of phytoplankton, which usually correlates with environmental resource supply (Cardinale et al. 2009a) . Thus, the relationship between primary productivity and phytoplankton richness in our model would be a richness-productivity relationship rather than a causal productivity-richness relationship. Second, the primary productivity in our model is subject to change during the phytoplankton-zooplankton coevolution even if the resource supply remains constant. Manipulating primary productivity can implicitly affect coevolution dynamics in the model. Instead, the abiotic nutrient supply I would be an unequivocal indicator of resource supply (i.e., environmental productivity).
The function m(x) describes how the maximum phytoplankton growth rate depends on phytoplankton cell size. Empirical observations suggest that the scaling relationship between phytoplankton growth rate and cell size is not monotonic. suggested that growth rates of unicellular green algae and cyanobacteria decrease with cell sizes, following a power function with the exponent ranging from 21/3 to 21/4. At smaller cell sizes, however, picoplankton showed a positive or unimodal scaling relationship (Raven 1994; Bec et al. 2008) . By using different phyla of marine phytoplankton, Marañón et al. (2013) showed a unimodal size scaling relationship of phytoplankton growth. Therefore, phytoplankton growth rate is likely a unimodal function of cell size along a wide range of cell sizes. In addition, mechanistic models involving size-dependent catalytic limitation and resource uptake kinetics also find a unimodal relationship between growth rates and cell size (Verdy et al. 
where the constants c 1 , c 2 , and c 3 are chosen so that the shape of m(x) satisfies the conditions
We examine different unimodal shapes of m(x) by varying values of c 1 , c 2 , and c 3 (see "Results" for details). Empirical evidence suggests that zooplankton consumption rates are maximized when zooplankton feed on particles with an optimal predator-prey size ratio, although the size ratio may vary across species (e.g., ). Thus, we formulated C(x,y) as
where the maximum consumption rate C m occurs when zooplankton encounter phytoplankton at the optimal predatorprey ratio v. The consumption rate decreases from C m with an exponential rate 1/l when the phytoplankton size x deviates from the optimal prey size vy.
Evolutionary Component of the NPZ Model
We assume there is heritable genetic variation in the body sizes of the phytoplankton and zooplankton. We further assume that the genetic variation is small enough that the evolutionary dynamics of body size can be modeled using the theory of adaptive dynamics Geritz et al. 1998; . In this framework, the ecological dynamics of the system (e.g., changes in population sizes) are much faster than the evolutionary changes in mean body size within the populations. Note that whereas a population may require multiple generations to reach an ecological equilibrium, this framework assumes no mutation during the transient period of ecological dynamics. Thus, the generation time of a spe- Maximum phytoplankton growth rate 1/day (c 1 , c 2 , c 3 )
Nutrient limitation for phytoplankton growth Unitless
Phytoplankton nutrient quota mmol/10 8 cells b
Phytoplankton nutrient quota coefficient mmol nutrient/cell/mm cies does not affect evolutionary dynamics in our model system. In the adaptive dynamics framework, the rate of change of each mean trait value is determined by the product of the species' mutation rate, its population size, and the individual fitness gradient:
where M 1 and M 2 are the respective mutation rates of the phytoplankton and the zooplankton. The mean trait values of the resident phytoplankton and zooplankton populations are x and y, respectively. When the resident densities are at equilibrium, (N * ,P * ,Z * ), the fitness of a mutant phytoplankton with trait x 1 is F(x 1 ,x,y), and the fitness of a mutant zooplankton with trait y 1 is G(y 1 ,x,y). The fitness functions for the mutants are
Analytical Analysis
We are interested in the conditions that lead to diversification (i.e., speciation or evolutionary divergence) within the phytoplankton and zooplankton populations. A system with monomorphic phytoplankton and zooplankton populations converges to an evolutionary singular strategy (i.e., equilibrium) that satisfies
At the evolutionary singular points, evolutionary branching occurs in the phytoplankton population when ∂ 2 F=∂x 1 2 j x1px 1 0 and in the zooplankton population when ∂ 2 G=∂y 1 2 j y1py 1 0 (see app. B.2 for details).
Due to the complexity of the NPZ model, we perform analytical analysis on the special case where there is no nutrient recycling (g p 0; app. B) to make predictions about species diversification. In particular, we explore the conditions for evolutionary diversification of the phytoplankton when the zooplankton are absent and the conditions for coevolutionary diversification of the phytoplankton and zooplankton. Notably, after diversification occurs in a monomorphic system, coevolution can lead to further adaptive radiation and speciation events. The increasing polymorphisms made it difficult to obtain analytical solutions of our model (e.g., McGill and Brown 2007) . Hence, we examined further adaptive radiation of phytoplankton and zooplankton using numerical simulations.
Numerical Simulations
Our numerical simulations were done with nutrient recycling present (g 1 0). The simulation results would remain qualitatively unchanged if there were no nutrient cycling, given that nutrient recycling essentially results in higher equilibrium nutrient concentrations, equivalent to higher influx rates. The body sizes for the phytoplankton and zooplankton populations were discretized into bins with widths of 0.1 mm and 0.2 mm, respectively. We chose 0.1 mm for the phytoplankton size classes because they are small enough that many size classes fall within the assumed distribution for zooplankton predation, C(x,y), for a fixed zooplankton size, y. We chose 0.2 mm for the zooplankton size classes simply for computational efficiency; because the value of v (the optimal predator-prey body-size ratio) is less than 1, we need larger values of the predator trait (y), which requires many more size classes than is needed for the prey. The width of the size bins is small enough for the simulations to demonstrate varying population abundance and discontinuous size distributions of phytoplankton and zooplankton (e.g., fig. 2 ). Each simulation began with a single monomorphic population for each trophic level. The size bin of the initial monomorphic phytoplankton is determined by the evolutionarily stable strategy (ESS)-stable phytoplankton size in the absence of zooplankton (app. B.3), and the size bin of the initial monomorphic zooplankton is the associated optimal consumer size (x/v). In the simulation, we generated the ecological dynamics of the model (eqq.
[1a]-[1c]) for a fixed time interval (50 days) using ode45 in Matlab. We used the 50-day interval because it allowed us to capture transient patterns without accumulating too many mutants within each interval, which would otherwise obscure ecological dynamics. Further simulations with different time lengths showed qualitatively similar results as long as the time length was not extremely large (e.g., less than 10,000 days). At the end of the 50-day time period, the random number of mutant offspring that arose in each population was computed based on the per capita mutation rates (M 1 and M 2 in eq. [5] ) and then distributed into the adjacent size bins. These populations in all size bins were then used in the next round of ecological dynamics simulation. The simulated processes for generating ecological dynamics and mutants were repeated until the total length of time for the simulation reached 20,000 days. In our simulations, different combinations of per capita mutation rates of phytoplankton and zooplankton (M 1 and M 2 in eq.
[5]), ranging from 10 26 to 10 28 , generated qualitatively similar results. Thus, we re-
port only the results with mutation rates of 10 26 for both trophic levels in this article.
To assess PRRs in the simulated ecological and evolutionary processes, we ran simulations with seven different productivity levels (I p 20, 50, 100, 150, 200, 300, and 400 mmol nutrient/L/day), mimicking the range of productivities observed in natural systems (see app. C for parameter values). As discussed in more detail in appendix B.4, evolutionary branching in the phytoplankton and zooplankton depends on the shape of m(x). We thus ran simulations with six different parameterizations of m(x) to explore potential evolutionary divergence under each scenario. In particular, m 1 -m 4 are unimodal with different values for the parameters c 1 , c 2 , and c 3 ; m 5 is monotonically increasing; and m 6 is monotonically decreasing (see fig. D1 in app. D; figs. D1, D2 available online). The parameters for m 1 -m 4 were generated by randomly selecting values that yield functions that fall within the range of observed scaling relationships between plankton growth rates and cell size (for details, see app. C). Note that the observed scaling relationship of phytoplankton constrained the shape of the functions m 1 -m 4 to be unimodal. We also ran simulations with a monotonically increasing and concave down function (m 5 ) and a monotonically decreasing and concave up function (m 6 ; fig. D1 ). Because the conditions for evolutionary branching of phytoplankton and zooplankton tend to be less sensitive to the changes in other parameter values (see app. B.4), we used a fixed set of values for other parameters in the simulations ( fig. 3 ) that fall within the range of parameter values observed in empirical systems (app. C). Ten replicate runs were done for each combination of the seven productivity levels and six forms of m(x), totaling 420 separate runs.
To assess species richness at different evolutionary times, we collected the following data from each simulation. We productivity levels. The shades of black in the plots represent the relative (log-transformed) population abundances for the different cell sizes; darker shades mean higher density of a particular cell size at a specific time, lighter shades mean lower density, and white means absent zero density. For a specific evolutionary time, shading for multiple cell sizes implies the coexistence of multiple species with different cell sizes.
recorded the log-transformed abundances of phytoplankton and zooplankton in each size bin, every 500 days in the simulation, to generate size and abundance distributions for phytoplankton and zooplankton ( fig. 2 ) at 40 evolutionary time points. At each evolutionary time point, a species was defined as a phenotypic cluster with similar cell sizes of phytoplankton or zooplankton. Note that this assumption precludes the possibility of taxonomic species having the same size distributions. The number of such phenotypic clusters (species richness) was estimated by univariate normal mixture analysis using the expectation-maximization algorithm implemented from the mixtools package (Benaglia et al. 2009 ) in R 3.0.3 (http://www.r-project.org). For a given numberofphenotypicclusters(n),theexpectation-maximization algorithm searches for n sets of parameters for normal distributions that best describe the populations with n phenotypic clusters. The goodness of fit of different numbers of phenotypic clusters estimated by the expectation-maximization algorithm was then compared using the function boot.comp in the mixtools package. Species richness was assessed as the number of multiple normally distributed phenotypic clusters best fit for the simulated size and abundance distributions.
We assessed the shape of PRRs from our numerical simulations in two scenarios. In the first scenario, we compared species richness across productivity levels where all environments are equally old. This identifies how fast communities with different productively levels reach particular levels of species richness. At each evolutionary time point, we performed Mitchell-Olds and Shaw (MOS) tests (MitchellOlds and Shaw 1987) for the simulated species richness with each form of m(x) along the productivity gradient by using the vegan package (Oksanen et al. 2013 ) in R. We considered the shape of PRRs as unimodal when the MOS tests suggested a significant quadratic hump (or pit) of species richness located within the range of the simulated environmental productivity. Otherwise, we considered the shape of PRRs as positive or negative when simple linear regressions showed significant relationships between productivity and species richness. PRRs were considered to have no clear trend (hereafter, no trend) if there were no significant results in MOS tests or simple linear regressions.
The results in the first scenario, however, are difficult to compare to the PRRs observed in empirical systems because the first scenario assumes that all environments have been around for the same amount of evolutionary time. A more appropriate comparison is to compare species richness across productivity levels where the evolutionary time for each productivity level is chosen randomly. In this second scenario, we chose a random point in time (day 0-day 20,000) for each productivity level and extracted species richness for phytoplankton and zooplankton. The shape of PRR was then determined by the MOS tests and linear regressions (positive, unimodal, negative, or no trend; see the first scenario above for details). We repeated the resampling 1,000 times, yielding 1,000 different PRRs of phytoplankton and zooplankton across environments with different evolutionary times. In addition, we also quantified the frequency, out of the 1,000 resampled PRRs, that coevolution generates the same type of PRRs in both phytoplankton and zooplankton populations.
In both scenarios above, the number of productivity levels and replicates can determine the effect sizes in the MOS tests and linear regressions and thus affect the P values of the statistical tests. To avoid the possibility of arbitrarily high numbers of replications (or productivity levels) inflating the degrees of freedom used to produce significant statistical results (White et al. 2014) , we chose seven productivity levels and 10 replicates so that the sample size of PRRs in our simulation (70 data points) were comparable to those in empirical studies (e.g., app. A). Adding more productivity levels or replications tends to reduce the frequency of no-trend PRRs but does not alter the relative frequency of positive, unimodal, or negative PRRs.
Results
Here we present the analytical results of the conditions for evolutionary diversification on a special case with no nutrient recycling (g p 0) in the model system (eqq. [1a]-[1c] ). All analytical analysis and results are presented in detail in appendix B. In the absence of zooplankton, phytoplankton Figure 3 : Examples of phytoplankton (left) and zooplankton (right) species richness across environmental productivity levels at the same evolutionary time points in the simulations. Species richness was estimated using the expectation-maximization algorithm (see "Numerical Simulations" for more details). Each row shows simulation results for one of the phytoplankton growth rates (m 1 -m 5 ). In each panel, a productivityrichness relationship (PRR) at a given evolutionary time is shown by a set of points with error bars and a regression line with the evolutionary time listed adjacent to the regression line; larger points and thicker regression lines indicate PRRs at a later evolutionary time. Each point represents the mean of species richness estimated at that productivity level. do not diversify regardless of the level of environmental productivity (app. B.3). When phytoplankton and zooplankton coexist, coevolutionary divergence in phytoplankton and zooplankton can be driven by diversification in the phytoplankton (which then causes diversification in the zooplankton) or by diversification in the zooplankton (which then causes diversification in the phytoplankton; app. B.4). Phytoplankton-driven divergence is likely to occur when the zooplankton have a nearly optimal size for consuming phytoplankton (x p vy); the constant a in the phytoplankton sinking rate s(x) is not too large; and phytoplankton have large cell sizes with positive enough m 00 (x) or small cell sizes so that m 00 (x) is smaller in magnitude compared to the value of (∂ 2 C=∂x 2 )Z * (app. B.4). Zooplankton-driven divergence is likely to occur when the zooplankton consumption rate C(x,y) is nearly linear at the evolutionary singular point y and the nutrient quota q(y) is nearly linear at y (app. B.4). The first condition for zooplankton-driven divergence (linear consumption rate) is not likely to arise since it implies a suboptimal match between the zooplankton and phytoplankton cell sizes (i.e., zooplankton are much larger or smaller than the optimal size for consuming prey of size x). Thus, our results suggest that, in our system, coevolutionary diversification is more likely to be driven by diversification in the phytoplankton.
In agreement with our theoretical predictions (app. B.4), our numerical simulations of phytoplankton-zooplankton eco-evolutionary dynamics showed that speciation of either species did not occur when m(x) is a monotonic decreasing function of body size (m 6 ). Thus, we present only the simulation results for the five other functions of m(x) (m 1 -m 5 ). The results of species richness across productivity levels where environments are equally old are shown in figure 3 (table D1) .
The unimodal and positive PRRs in figure 3 are difficult to match empirical observations (e.g., fig. 1 ) because environments with different productivity levels are not necessarily at the same evolutionary time in empirical systems. For a more appropriate comparison, we resampled our simulation data so that evolutionary time varied between environments. A large proportion of the PRRs obtained from the resampling were positive or unimodal for both phytoplankton (positive: 36.1%-43.6%; unimodal: 39.7%-46.4%; fig. 4A ) and zooplankton (positive: 37.6%-45.5%; unimodal: 40.9%-45.7%; fig. 4B ). These results suggest that positive and unimodal PRRs are typical outcomes of phytoplankton-zooplankton coevolution. The resampling results also showed that PRRs of phytoplankton and zooplankton resampled from the same set of environments are often of the same type (frequencies of same type of phytoplankton and zooplankton PRRs: m 1 : 80.4%; m 2 : 89.0%; m 3 : 92.8%; m 4 : 91.9%; m 5 : 84.5%).
Note that we observed similar PRRs in the numerical simulation with monotonic increasing m(x) (m 5 ; fig. 3; app. D) . Hence, transient unimodal PRRs and positive PRRs over the long term do not require nutrient uptake rates to be unimodal functions of phytoplankton size. However, diversification did not occur with the monotonically decreasing function m 6 , because under this situation the optimal trait value for phytoplankton is the smallest possible cell size (minimizing sinking mortality and predation), and the invasion by mutants with lower and higher trait values is not possible. Therefore, coevolutionary diversification can occur only if the nutrient uptake rate is an increasing function of cell size over some range of cell sizes.
Discussion
In our model, the coevolution of phytoplankton and zooplankton resulted in varied forms of PRRs (mostly unimodal and positive). Both unimodal and positive PRRs were observed in phytoplankton and zooplankton as transient phenomena, but only positive PRRs were likely observed given sufficient long periods of evolutionary time ( fig. 3; table D1 ). The observed evolutionary dynamics were driven by two factors: resource competition among phytoplankton and predatorprey interactions between phytoplankton and zooplankton. In the absence of zooplankton, competition in phytoplankton followed the R * rule (Tilman 1982) , resulting in a single population with the most competitive trait (app. B.3). The predator-prey interactions, on the other hand, may alter the fitness landscape of both trophic levels and lead to coevolutiondriven diversification. Our analytical results showed that this coevolutionary diversification is more likely driven by the diversification of phytoplankton (app. B.3). The evolutionary branching in phytoplankton, in turn, causes diversification in zooplankton. Similar to the findings in other studies on the evolution of food webs (Loeuille and Loreau 2005; Ito and Ikegami 2006) , the simultaneous top-down and bottomup controls in our model system led to further diversification events in the phytoplankton and zooplankton trophic levels (e.g., fig. 2 ). It is this recursive diversification that produces similar PRRs for phytoplankton and zooplankton ( fig. 3) .
Our results showed that, when environments with different productivity levels have been around for the same evolutionary time, unimodal PRRs can arise at the intermediate evolutionary time as transient phenomena but would likely change into positive PRRs over long evolutionary time because of the higher species richness evolved at higher levels of productivity. We attribute the transient unimodal PRRs in our model to the slow tempo of evolution at high levels of productivity. Specifically, while more species may coexist at higher productivities, the higher resident population densities that occur with higher productivities increase the time it takes for competitively superior mutants to replace the residents (e.g., fig. 2 ). The combination of the decreasing tempo of evolution and the increasing steady-state PRRs thus combine to produce unimodal transient PRRs. Taken together, our model predicts nonsignificant PRRs across newly formed communities, an increasing saturating PRR Figure 4 : Frequencies of productivity-richness relationship (PRR) patterns of phytoplankton (A) and zooplankton (B) where evolutionary time differs between productivity levels. Species richness at each productivity level was estimated by randomly sampling species richness across evolutionary time points. Bars show the frequencies of each PRR pattern from 1,000 resamples. The PRR shape was determined using Mitchell-Olds and Shaw tests and simple linear regressions, and categorized into four possible forms (positive, negative, unimodal, and no trend). across communities with long enough evolutionary time length, and transient unimodal or positive PRRs of intermediate age ( fig. 3; table D1 ). Consistent with our predictions, paleoecological evidence suggests that increase of marine phytoplankton (and zooplankton) richness in the Cambrian and the Ordovician is likely due to the increased nutrient availability (e.g., Servais et al. 2008 Servais et al. , 2010 . The diversification of oceanic phytoplankton in the Cambrian and the Ordovician was coupled with the diversification of zooplankton (Tappan and Loeblich 1973; Moczydłowska 2002; Servais et al. 2008 ; but see Vecoli and Le Hérissé 2004) , also indicating the important role of predator-prey coevolution as emphasized in our model. Directly comparing our model predictions where environments are equally old ( fig. 3 ; table D1) to empirical data may not be entirely appropriate, as evolutionary time could vary among environments in empirical systems. As such, it is meaningful to examine predictions where evolutionary time is nonequal across environments with different productivity levels. Resampling across different evolutionary times showed that unimodal and positive PRRs are the two most commonly observed PRRs (fig. 4) . These two forms of PRRs, again, arose from the combined influence of positive steady-state PRRs and the decreasing tempo of evolution at higher productivities. The increasing number of evolved species with productivity contributes to the increasing phase of unimodal PRRs and positive PRRs. On the other hand, the decreasing tempo of evolution with productivity results in a substantial chance for transient low richness from being resampled, leading to the decreasing phase of unimodal PRRs.
Compared to empirical evidence ( fig. 1 ), negative PRRs were observed less frequently in our simulations (see fig. 4 ). This suggests that mechanisms (e.g., opportunist prey blooming before being consumed by predators in environments with strong seasonality; Vallina et al. 2014) other than phytoplankton-zooplankton coevolution may be important for negative PRRs in empirical systems. Nevertheless, our numerical simulations suggest the phytoplankton-zooplankton coevolution as a potential mechanism contributing to the unimodal and positive forms of PRRs observed in aquatic systems (e.g., fig. 1 ). Furthermore, the resampling results showed that coevolution likely leads to similar shapes of PRRs for phytoplankton and zooplankton, a pattern that needs further exploration beyond the few existing empirical studies on the topic (e.g., . Our simulations also suggest that as the evolutionary time increases, positive PRRs would be more common than unimodal PRRs, a prediction consistent with the observation for plants in temperate and tropic regions (Pärtel et al. 2007) .
The prediction of evolving PRRs in our model may also help explain contemporary PRRs at different spatial scales. In a numerical sense, the scenario of a rare mutant establishing in an evolving community is analogous to the scenario of a rare immigrant species establishing in community assembly. Thus, interpreting our results in terms of contemporary PRRs yields the prediction of unimodal to positive PRRs mediated by predator-prey interactions at early stages of community assembly and positive PRRs at later stages of community assembly. On the regional scale, larger spatial extent is more likely to involve productive habitats with a longer history of community assembly. This results in positive saturating (or unimodal) regional PRRs, as frequently observed in lake or ocean plankton communities (e.g., . Note that our study has focused only on evolving richness from monomorphic populations via small mutation steps, analogous to immigrant species with small trait difference to resident species. Immigration in community assembly, however, could also introduce immigrants with large trait difference. Future research should investigate the combined effects of evolutionary and ecological processes on ecological communities.
Our model also makes predictions about the evolutionary emergence of plankton body sizes. The average size of plankton in the steady-state PRRs increases with productivity in our simulations ( fig. D2 in app. D) , which is consistent with empirical patterns of marine phytoplankton . Considering the reduced evolution rate with increasing productivity, large cell sizes at high productivity levels are expected to evolve later. This prediction agrees with the fact that phytoplankton and zooplankton with larger body size recovered much more slowly after the end-Cretaceous mass extinction (Finkel 2007 ). In our model, the steady-state distribution of evolved plankton body sizes is characterized by regularly spaced coexisting sizes (e.g., fig. 2 ). The spaced size distribution is similar to the size structure found in estuarine phytoplankton (Segura et al. 2013) . The discontinuous size distribution in our study is most likely driven by predatorprey coevolution, consistent with the pattern found in a recent NPZ model, which also considers size-dependent trophic interactions (Banas 2011). Notably, our prediction does not necessarily contradict with the smooth size distribution commonly expected in the planktonic system. Large spatial extent would consist of various evolving communities with different evolutionary history and steady-state size distribution, as expected in our model. The size variation across these communities can combine to result in a continuous size distribution on a large spatial scale. On the other hand, plankton communities indeed show discontinuous cell size distributions in freshwater lakes (Havlicek and Carpenter 2001) and marine ecosystems (Vergnon et al. 2009; Segura et al. 2013) .
Despite the many consistencies between our predictions and empirical evidence, definitive empirical evidence that directly supports our predictions is difficult to obtain because of the evolutionary timescale considered in our study. In addition, the model that we used to explore predator-prey co-evolution is rather simple. For example, we assessed species richness as the number of morph species based on size structures of phytoplankton and zooplankton. Thus, species richness in our model results can be lower than the observed richness of taxonomic species because one size cluster may pack multiple taxonomic species in natural planktonic systems (e.g., Havlicek and Carpenter 2001; Segura et al 2013) . However, our measure of species richness can better demonstrate the consequences of disruptive selection and diversification and are closely related to the concept of functional diversity. We also assumed simple resource competition in phytoplankton with one limiting resource that leads to a monomorphic phytoplankton population in the absence of zooplankton; it is possible that adding trade-offs in competition (e.g., Jansen and Mulder 1999; Smith et al. 2011 ) may influence the shape of PRRs. Nevertheless, the unequivocal demonstration of such trade-offs remains elusive. In addition, we assumed constant mortality rate for phytoplankton and zooplankton in the model. However, our analytical results (app. B.4) suggest that our results will hold if the assumptions on these parameters are relaxed. In particular, the presence of planktivorous fish can reduce mean cell sizes of the standing zooplankton populations through predation (Brucet et al. 2010 ). This influence of fish can cause a decelerating relationship between zooplankton mortality rate and zooplankton size that, in turn, facilitates zooplankton-driven divergence (app. B.4).
Another issue in our study is that we used a specific function m(x) to describe the scaling relationship between phytoplankton growth rate and cell size and tested the PRRs with different shapes of m(x) with parameter values falling within the range of observed patterns of the scaling relationship (app. C). A more mechanistic model for phytoplankton growth (e.g., ) would generate similar size scaling relationships under particular conditions (see details in app. E). Thus, we expect that our conclusion is unlikely to change if more mechanistic models are used to describe phytoplankton growth.
A third issue is that our model, which was based on the theory of adaptive dynamics, assumes ecological equilibria prior to evolutionary changes. There is increasing empirical evidence, however, that ecological and evolutionary dynamics could operate on the same timescales (Hairston et al. 2005; Fussmann et al. 2007; Hiltunen et al. 2014) ; such ecoevolutionary dynamics are also known for phytoplanktonzooplankton interactions (e.g., Yoshida et al. 2003) . Speeding up the rate of evolution, however, will not affect our long-term result of positive PDRs, because we ran the simulations long enough that the system effectively reached an evolutionary equilibrium, and changing the speed of the evolutionary dynamics does not affect the equilibrium state. By contrast, it is not entirely clear how speeding up the rate of evolution will affect the transient dynamics of the system. In some cases, speeding up the rate of evolution will likely cause the unimodal PDRs to disappear; this would occur when increased evolutionary speed causes evolutionary branching to occur faster for higher productivity systems. On the other hand, speeding up the rate of evolution may not affect the transient PDRs if the increased speed affects all levels of productivity equally. We note that resolving this uncertainty, which is beyond the scope of the present study, warrants attention from future work.
Our results demonstrate that differences in evolutionary time can lead to different PRRs for coevolving phytoplankton and zooplankton. While our model was developed with the planktonic system in mind, we believe that our results may also apply to other systems, given that a variety of ecological interactions can lead to evolutionary branching and that the general mechanisms driving PRRs in our model (e.g., slow tempo of evolution at high productivities) may similarly operate in other systems (e.g., plant communities; Pärtel et al. 2007 ). If confirmed, differences in evolutionary time may provide a simple explanation for the coexistence of the two most common PRRs observed in a variety of ecological communities.
